The management of populations of threatened species requires the capacity to identify areas of high habitat value. We developed a high resolution species distribution model (SDM) for the endangered Pilbara northern quoll Dasyurus hallucatus, population using MaxEnt software and a combined suite of bioclimatic and landscape variables. Once common throughout much of northern Australia, this marsupial carnivore has recently declined throughout much of its former range and is listed as endangered by the IUCN. Other than the potential threats presented by climate change, and the invasive cane toad Rhinella marina (which has not yet arrived in the Pilbara). The Pilbara population is also impacted by introduced predators, pastoral and mining activities. To account for sample bias resulting from targeted surveys unevenly spread through the region, a pseudo-absence bias layer was developed from presence records of other critical weight-range non-volant mammals. The resulting model was then tested using the biomod2 package which produces ensemble models from individual models created with different algorithms. This ensemble model supported the distribution determined by the bias compensated MaxEnt model with a covariance of of 86% between models with both models largely identifying the same areas as high priority habitat. The primary product of this exercise is a high resolution SDM which corroborates and elaborates on our understanding of the ecology and habitat preferences of the Pilbara Northern Quoll population thereby improving our capacity to manage this population in the face of future threats.
Introduction
Species distribution models (SDMs) use environmental data from known locations of a species to predict places where that species could potentially occur within landscapes or regions (Booth et al. 2014) . SDMs have been used to identify critical habitats for species with greatly reduced distributions (Hamilton et al. 2015; Jetz and Freckleton 2015; Manthey et al. 2015) , provide potential translocation sites for species based on known habitat requirements (Adhikari et al. 2012 ) and predict the movement of invasive species across landscapes under different scenarios (Kearney et al. 2008; Elith et al. 2010) . Spatially explicit probability of presence, or prediction of occurrence maps, generated using SDM algorithms, have been used to inform conservation planning and habitat management at both coarse and fine scales. Consequently, they can guide or prioritise future survey efforts and aid in assessing the conservation status of target species. SDMs relate known occurrences of a species with various environmental variables and predict a probability that a species will occur in areas where no data on its occurrence is available. Thus, they help to identify potentially suitable habitat Guisan and Thuiller 2005) .
The accuracy of a SDM depends on such factors as the quality and appropriateness (in regard to sample size and representativeness) of the presence and/or absence data for the target species or community, the expertise of the modeller, the selection of an appropriate modelling tool (or software package), the selection of an appropriate suite of predictive/independent variables, the quality of the variable data used, and an acknowledgement of the strengths and limitations of the SDM (Elith et al. 2010; Guillera-Arroita et al. 2015) . However, where there are shortfalls in appropriate data, modellers often compensate by focussing their efforts on the development and evaluation of novel methods to improve the performance of their models, and thus, to better predict the environmental suitability for species in applied studies (Barbosa and Schneck 2015; Guillera-Arroita et al. 2015) .
In this study we set up a SDM to determine the potential distribution (PD) of the northern quoll Dasyurus hallucatus population found in the Pilbara biogeographic region of Western Australia (Thackway and Cresswell 1997) . This is a unique population of a threatened species for which conservation management to date has been limited by significant knowledge gaps (Cramer et al. 2015) . Limited and largely opportunistic sampling has resulted in constricted and potentially biased presence data and this in turn has resulted in problems in determining appropriate predictive or independent variables. Furthermore, the literature associated with these SDMs shows no evidence that the models have been tested for covariance and sample bias as described by Hijmans (2012) and Fithian et al. (2015) , nor have differences between these SDMs been evaluated or explained.
Northern quolls are a suitable subject for distribution modelling as they have a strong habitat affiliation with complex rocky areas, often in close association with permanent water (Begg 1981; Braithwaite and Griffiths 1994; Oakwood 1997; Pollock 1999; Schmitt et al. 1989 ). In the Pilbara, quoll habitat affiliation aligns with mesas or ranges which are often the focus of iron-ore extraction (channel-iron deposits and banded iron stone formations) and granite outcrops which are often quarried for road and rail bed materials (Ramanaidou and Morris 2010) .
Once widely distributed from the Pilbara region of Western Australian (WA) across northern Australia to southern Queensland (Figure 1) , the mainland distribution of the northern quoll has now contracted to several disjunct populations (Burbidge et al. 2009; Oakwood 2008) . This collapse has largely been linked to invasion by the toxic cane toad Rhinella marina (Braithwaite and Griffiths 1994; Doody et al. 2015; How et al. 2009; Oakwood 2004; Woinarski 2010) . Other impacts currently causing rapid and severe declines in northern Australia's critical weight range mammal fauna (i.e. terrestrial species within the weight range 35 -4200 g are considered to be particularly vulnerable to introduced predators) are also likely to also be impacting on the carnivorous northern quoll (Burbidge and McKenzie 1989; Cramer et al. 2016 ). These include altered fire regimes, the grazing impacts of introduced herbivores, climate change and both enhanced mortality and competition for resources (including prey animals) from introduced predators, in particular the feral cat Felis catus (Burbidge et al. 2009; Cook 2010; Woinarski et al. 2015) . As a consequence of all these recent declines, the northern quoll is listed as endangered under both the Commonwealth's Environment Protection and Biodiversity Conservation Act 1999 (EPBC Act 1999 and the Western Australian Biodiversity Conservation Act 2016.
The main WA populations of northern quoll occur in two discrete mainland regions, the Kimberley and Pilbara, separated by the arid Great Sandy Desert. Both mitochondrial DNA sequences and nuclear microsatellite loci reveal clear differentiation between Kimberley and Pilbara populations and a greater distinction between these populations than those in the Northern Territory and Queensland (Spencer et al. 2013; Westerman and Woolley 2016) . These WA populations also differ from those remaining in Queensland and the Northern Territory in regard to both genetic structure and demographic parameters and represent the last intact populations in Australia that have not experienced major declines subsequent to the introduction of the cane toad and consequently display the highest levels of genetic integrity (How et al. 2009; Spencer et al. 2013; Spencer 2010) .
Given that the Pilbara population of the northern quoll is genetically and demographically distinct from all other populations, retains its pre-European genetic diversity, is currently outside of the cane toad's distribution, and has much of its habitat still intact, this population has been assigned a high conservation, research and management priority (Cramer et al. 2015) .
The available presence data for this population is clustered around areas of development interest to the mining industry, or where targeted surveys have occurred. This begged the question: was this an example of sample bias or a true representation of northern quoll distribution? Sample bias, where sampling has not been uniform over the project area, e.g. where only easily accessed areas, or known populations have been sampled, has the potential to distort a SDM (Phillips et al. 2009 ). Lacking true absence data for this exercise and being aware of the limited capacity of pseudo-absences to compensate for high levels of sample bias (Phillips et al. 2009 ), we sought to find a method to eliminate or minimise sample bias in our SDM.
Our objective was to construct a high resolution SDM for the Pilbara northern quoll by applying an innovative form of bias compensation to a well proven modelling method, MaxEnt, and testing this SDM with an ensemble model.
Methods

Study area
The area modelled for this exercise is the Pilbara biogeographic region ( Fig. 1 ) (Thackway and Cresswell 1997) . This selection encompasses all the known occurrences of the unique Pilbara population at the time of the study, and satisfies the requirements and priorities of this project's stakeholders and funding bodies.
Presence data
All presence data, both for northern quoll and surrogate species, was supplied by the West Australian Department of Parks and Wildlife NatureMap database (Naturemap 2015) , and comprised of (~2000) records for this species within the Pilbara up to, and inclusive of, 2014. These species records are both targeted and opportunistic, sourced from museum, and Parks and Wildlife fauna surveys as well as compulsory returns from biological consultants and industry. The NatureMap threatened species database is continually being verified and updated by cross-referencing from grey literature, fauna returns and reporting required under the Western Australian Biodiversity Conservation Act 2016.
Variable selection
To obtain optimum efficiency, minimize multicollinearity and prevent overfitting, the suite of variables used should be kept compact (preferably ≤10 in number) and be comprised of those variables best able to define the PD of the target species or community (Beaumont et al. 2005; Elith et al. 2011; Hijmans 2012; Van Gils et al. 2012 ). To accomplish this, we reviewed the literature on the Northern Quoll in general and the Pilbara population in particular, to identify independent variables likely to be in- fluential or linked to its distribution and therefore suitable for producing a SDM (see Suppl. material 1). All variable data sets were downloaded at, or converted to, a pixel resolution of 30 seconds (~1km 2 ) using the WGS 1984 datum and clipped to the Pilbara bioregion. Map projection (WGS 84) was consistent in all data sets, which were aligned by importing raster data onto a common grid and converting the outputs to ASCII grid file format using ArcGIS 10.4.
To avoid using unnecessary time and resources in identifying an appropriate suite of predictive variables, a two-stage process was adopted. The first stage used a series of statistical tests (described below) to halve the number of potential variables so as to quickly and effectively limit multicollinearity in the bioclimatic variables and to remove those variables for which their contribution to the model was low or counterproductive. The second stage was to use a stepwise elimination process to identify a final suite of predictive variables suitable for use in all further modelling.
Firstly, to reduce multicollinearity between scalar variables, we calculated both the Pearson and Spearman rank correlation coefficient between each pair of variables using the northern quoll presence data. This was done using the pairs function in the 'psych' R package (Revelle 2014) . For each pair of highly correlated variables (r > 0.70), we selected only the single variable deemed to be the most relevant for identifying northern quoll presences based on ecological relevance and expert opinion (Phillips and Dudík 2008) . Categorical variables were tested for association with each other using Pearson's chi-square test for significance. Similarly, relationships between categorical and scalar variables were tested using linear models with a 0.05 level of significance (Agresti and Kateri 2011) .
The final cut was undertaken through a step-wise elimination process using Max-Ent (Phillips et al. 2006 ) looking at both the contribution of each remaining variable and the consequences of its omission. This was done by building a MaxEnt SDM using all remaining predictive variables against the Pilbara northern quoll presence-only point data set and then iteratively removing the worst performing variable in regard to variable contribution and jack-knife tests. The model was then re-run and if sufficiently robust, the process was repeated. The model at the start of this process was robust, with acceptable Area Under Curve (AUC) and regularised training gain values, so if the revised model was not sufficiently robust the variable was reintroduced to the model and the process repeated with the second worst performing variable deleted. This process was repeated until we had a minimum number of variables capable of producing and SDM with a minimum AUC value of 0.9. This minimum threshold value was set to ensure a statistically very strong model (Elith et al. 2011) .
MaxEnt modelling
For our primary modelling tool we selected MaxEnt for its capacity to produce effective SDMs using presence-only data (Booth et al. 2014; Yackulic et al. 2013) . MaxEnt, or maximum entropy, modelling is a machine learning modelling tool which seeks to estimate a target probability distribution by finding the probability distribution of maximum entropy, i.e. where variable parameters are closest to homogenous, subject to the limitations of the data used (Guillera-Arroita et al. 2015) . This is achieved by applying the predictive or independent variables against training data which are a subset of presences randomly selected and assumed to be representative for the modelled distribution (Radosavljevic and Anderson 2014) .
Some limitations have been recognised with MaxEnt, notably a tendency for it to underperform where there is a biased sample, poorly chosen predictive variables or inadequate testing of results (Bystriakova et al. 2012; Elith et al. 2011; Kramer-Schadt et al. 2013 ). However, where these limitations are addressed, it remains a well-supported modelling tool because it is relatively easy to use and has a capacity to link fine-scale bioclimatic data to species distributions to produce accurate probability-based outputs suitable for informing conservation management actions (Guillera-Arroita et al. 2015; Phillips and Dudík 2008; Syfert et al. 2013; Williams et al. 2012) . Consequently, we constructed our MaxEnt SDM with the following criteria:
• Withholding a random 30% of presences for testing purposes over 10 bootstrapped repetitions (Barbet-Massin et al. 2012 ). • Combining all presences within a pixel (~1km 2 ) as a single presence. This resulted in a reduction in the number of presences from 1984 to 324.
Bias compensation
To compensate for our limited presence data we followed Fithian et al. (2015) in constructing a bias layer using substitute species which we applied only to the MaxEnt model. Therefore, we generated a bias grid by substituting records of other non-volant critical weight range (CWR) mammals of 35-4200g (Burbidge and McKenzie 1989) , obtained throughout the Pilbara in lieu of northern quoll presence/absence data. These data were used as a presence/absence point data set that would reflect a sampling effort likely to detect northern quoll. The reasoning behind this is: 1) CWR presence records reflect sampling effort; 2) sampling for non-volant CWR mammals would most likely result in northern quoll presence records (e.g., capture, sighting, tracks, scats, or other physical evidence such as remains) if indeed they were present; 3) therefore, presence records for non-volant CWR mammals are suitable for use as pseudo-absence data; and 4) a point density analysis of non-volant CWR mammal presences for the whole of the Pilbara would indicate the degree of bias present in the northern quoll presence records and could therefore be used as a bias grid in the MaxEnt model. To construct this bias grid, presence records for all non-volant CWR mammals (including northern quoll) in the Pilbara were gathered from the Department of Parks and Wildlife Nature Map data base (Department of Parks and Wildlife 2007-) and categorised into northern quoll presences and pseudo-absences. We note that, although this was a separate data set to that of the original presence data set, many presences were replicated. All records were then used to conduct a Point Density Analysis (PDA) using the Point Density function of the Spatial Analyst toolbox in ArcGIS 10.3. This function counted the total number of records for each cell within a 44 cell radius (the default radius). The resulting shapefile was then directly incorporated as a bias grid into the MaxEnt SDM.
Testing the SDM with an ensemble package
As the above SDM was compiled using just one modelling tool and as different algorithms and methodologies can yield very different and often contradictory results, we opted to test the rigour of the preferred (MaxEnt) SDM using ensemble modelling techniques. This involved compiling a suite of different algorithms to construct multiple SDMs for the target species within a single platform and then combining these SDMs to produce a single ensemble, or composite, SDM (Crimmins et al. 2013; Grenouillet et al. 2011) . This approach enabled us to compare the MaxEnt SDM with individual and ensemble model outputs and differences between modelling algorithms to be compared.
The ensemble modelling was undertaken using the biomod2 package in the R platform (Thuiller et al. 2013) . This package allowed the use of the same variable, presence and pseudo-absence data used to develop the preferred MaxEnt SDM.
We selected the five best performing modelling algorithms for our ensemble model. These were Generalised Linear Model (GLM), Generalised Additive Model (GAM), Generalised Boosted Model (GBM), Flexible Discriminant Analysis (FDA) and Multiple Adaptive Regression Splines (MARS). In running these a random 30% of presences would be used to calibrate the model and 70% of presences could be withheld for testing. This process was then repeated 10 times to add rigour to the results. Unlike Max-Ent, the biomod2 package does not provide an option to use a bias layer to compensate for sample bias. Therefore we applied the surrogate presence data set, from which we constructed the bias layer, as a substitute for true absences in our model imputs.
All outputs of all algorithms were evaluated with a True Skill Statistic (TSS), and Receiver Operator Characteristic (ROC -a test comparable with the MaxEnt's AUC statistic) and combined. A weighting was given to each algorithm based on ROC performance and all model outputs were combined to produce a weighted mean SDM which we used as our biomod2 output.
Comparisons between the MaxEnt and biomod2 SDM were again made using the pairs function in the psych R package. This was done by compiling a point data set of 10,000 random points across the study area. This point data set was then used to extract values from both SDMS and the two resulting data sets compared through the pairs analysis.
The individual modelling packages used, their results and the results of the ensemble modelling process are given in Suppl. material 2.
Results
Variable selection
From the broad suite of variables tested (Suppl. material 1) we derrived a final suite of seven variables with acceptable levels of covariance for use in all models (Figure 2 ). Spearman rank correlation coefficients are well under the 0.7 threshold. Although Pearson correlation coefficients were also under this value the Spearman value is used as the most appropriate given that not all distributions appear normal. The MaxEnt analysis provided the contribution and importance values for each variable (Table 1) .
MaxEnt SDM
The bias file (Figure 3) demonstrates that sampling has not been uniform with most sampling being undertaken in the north east of the region in areas subject to relatively heavy mining activity. On further examination more instensive sampling along infrastructure corridors, e.g railways, major roads and powerline routes, became obvious.
The MaxEnt SDM (Figure 4a ) appears to be a robust model with a high average AUC value of 89.5 (the full MaxEnt readout including AUC plots, variable responses, sensitivity, threshold diagnostic data is given in Suppl. material 2). This model identifies a high probability of occurrence for many areas already known to be northern quoll habitat such as the rocky habitats on the western edge of the Hamersley Ranges, the rugged Chichester Ranges and the granite outcrops of the Abydos Plains (a map of these areas is given in Suppl. material 1). However, it projects beyond known presences to predict a low probability of occurrence in the Fortescue catchment, the sandy coastal regions of the Pilbara and in the southern areas of the Hamersley Ranges, and to predict a high potential for northern quoll habitat in many areas where this species has not been previously identified, particularly in the central west and far eastern parts of the region. When compared to the MaxEnt SDM, constructed without the use of the bias layer (Figure 4b ), it appears that the use of the bias layer extends predicted habitat further beyond those highly sampled areas where northern quoll are frequently encountered identifying further areas, where this species has not been, or has rarely been, previously encountered.
Comparison with the biomod 2 ensemble model
The full outputs for the biomod2 modelling process are given in Suppl. material 3. This is a robust model with ROC values for individual SDMs varying between 0.88 and 0.97. To facillitate a visual comparison, the ensemble model has been projected at the same extent, symbology and resolution as the MaxEnt model ( Figure 5) . A comparison between this (emsemble) SDM and the MaxEnt model (Figure 4) shows (Figure 3 ) and the final variable suite (Table 1) b MaxEnt SDM constructed without bias grid. Red dots indicate northern quoll presences and yellow, surrogate presences. a strong general similarity between both models in terms of the areas selected as likely habitat, with the main differences being variations in habitat value of the areas selected rather than which areas were actually selected. The pairs analysis ( Figure 6) shows a strong similarity between these SDMs with an overall Spearman correlation coefficient of 0.86. Histograms show very similar distributions across the full range of both models and like the MaxEnt SDM the biomod2 ensemble model also highlights similar, but little sampled, areas as potential northern quoll habitat.
Discussion
The independent variables that we used were suitably diverse in nature with an acceptable level of covariance within the variables used in the final selection. The use of the jack-knife test to determine the final suite showed that the removal of any of the variables selected in the final suite would have compromised what was a strong model. The literature informs us that the number of variables used was appropriate for a modelling exercise of this nature (Phillips and Dudík 2008; Stockwell and Peterson 2002) . Furthermore, the fact that all runs of all models applied these variables differently and, in most instances, allotted acceptable levels of significance to all or most of these variables (while consistently producing high test values), supports this finding. It should be acknowledged that the bias grid was derived from pseudo-absence data for which suitability was determined through a series of assumptions. Consideration of sampling bias was necessary because of a potential shortfall in suitable presence/absence data and the fact that most of the targeted sampling for the northern quoll has been undertaken over a relatively limited area and timeframe. Specifically, many surveys have been conducted in mining areas and associated infrastructure (either historical, current or proposed) which tend to confine the survey effort to particular types of geomorphology. Surveys of non-volant mammals conducted in the region tend to be for environmental impact assessments associated with mining or part of comprehensive regional surveys (e.g. Bamford Consulting Ecologists (2013); Biota Environmental Sciences (2012); Eco Logical (2012)) or part of comprehensive regional surveys ) and hence absence of northern quoll in these surveys could be reasonably assumed to be true absences.
As demonstrated (Table 1 , Figure 2 , Suppl. materials 2 and 3) northern quolls were found to conform strongly to ecological habitat associated with the vegetation, and slope, topography of the rocky areas of the Pilbara bioregion. Primary areas of northern quoll occupation in the Pilbara included the western edge of the Hamersley Ranges, in the granite outcrops of the Abydos Plain, and in the more rugged areas of the Chichester Ranges. Our models identified a low likelihood of occurrence in the Fortescue River floodplain and its upper catchment, the sandy coastal regions of the Pilbara and in the central and southern parts of the Hamersley Ranges. We also identified several areas with a high probablity of presence which have not, as yet, been adequately sampled and which have not been identified as habitat in previous modelling efforts. This is particuarly so in the eastern Pilbara IBRA region. Here, areas are given a high probability of northern quoll although few to no records of the species exist. This area and others identified as of high probability would be logical areas for further survey effort (as well as providing a ready field-based validation of the model), and demonstrate the utility value of SDMs.
The conservation of a threatened species requires good information about population locations and ecological requirements within its geographic range, particularly when threatening processes are ongoing. Applying appropriately selected surrogate species data to both the MaxEnt and biomod2 software packages has enabled us to develop SDMs which identify remarkably similar core areas of likely quoll habitat, as well as less optimal habitat that may only be occupied in favourable conditions. These apparently less favourable habitats may however be of high conservation value as current information suggests that all Pilbara northern quoll populations are genetically linked, and high level of dispersal occurs between geographically distant populations (Spencer et al 2013 , Woolley 2015 . Consequently, smaller populations of northern quolls in less-preferred habitat may be important in maintaining gene-flow throughout the region.
The SDM pairs analysis ( Figure 6) shows a very strong overall correlation between the preferred MaxEnt SDM and the ensemble model with minor differences in predicted habitat being more about conflicts of scale rather than the actual areas nominated. The correlation tests also indicate a strong similarity between the preferred MaxEnt SDM and the ensemble model overall, and a very strong similarity between these models in identifying areas of high habitat value, i.e. when comparing the highest quartiles. This supports our earlier observation that the difference between the two models is largely one of resolution rather than different predictions.
In comparison with previous SDMs on this northern quoll population (Biologic 2012; CliMAS 2014; Eco Logical 2012) our SDM (particularly the MaxEnt model) picks up many of the same areas identified as having a high habitat value, but with an apparently greater level of definition. This is particuarly so in those areas which have not been heavily and specifically sampled for northern quoll. In short, there is a tendency for these models not to project far beyond those areas where northern quoll are known to exist. As such these models tend to tell us little more than what we already know, thereby limiting their value for conservation planning. This could also be said for the trial MaxEnt and biomod2 SDMs constructed without the use of surrogate species, either in the form of a bias file or as pseudo-absences. In both cases, areas of high quality habtat appeared to be much more limited to areas already known to be habitat and less likely to projet into areas where northern quoll records are either absent or less frequent.
In this study we have demonstrated a methodology capable of addressing three of the more common problems associated with SDMs, specifically how to: 1) address bias in a high resolution SDM over a large and diverse landscape with a limited, and potentially biased, presence only data set; 2) selecting an appropriate suite of predictive variables for the construction of such a model; and 3) establish a means by which the suitability and outputs of a modelling tool can be verified. We have developed an innovative approach to constructing an SDM by pre-emptively identifying problems likely to arise due to data limitations and addressing these issues by reviewing the options available and selecting a combination of responses which minimise bias effects and meet the needs and constraints of the modeller.
We note that a true comparison between a model with randomly selected psuedoabsences and a bias-corrected model using a bias layer created from surrogate presences, remains the preferred way to demonstrate the usefulness of this form of bias compensation. However, in the absence of broad-scale sampling and ground truthing to test truth versus prediction (as is proposed) the demonstrated approach remains the most feasible form of bias compensation under the given circumstances.
Being aware of the resource and skill limitations preventing many conservation managers from constructing SDMs, this methodology was deliberately selected to meet these limitations. All data used was freely available and all software used was freeware, other than the use of a commonly used GIS package that could also be substituted with freeware. Skill levels were limited to what the authors considered average for an ecological project team, i.e. no modelling, statistical, GIS or programming specialists were required for this study.
Conclusion
In this exercise we produced a SDM that predicted areas where new populations and sub-populations of the northern quoll might be found outside of areas currently known to be habitat. By identifying areas of high habitat value, this SDM facilitates the identification and conservation of high priority habitat areas, potential translocation sites and potential movement corridors. As a consequence of having identified a sound suite of predictive variables, our understanding of the habitat requirements of the Pilbara population of the northern quoll has been increased. Finally, by comparing the distributions identified through this exercise with proposed mining and infrastructure projects in the environmental impact assessment process, this SDM can be used to minimise impacts on this unique and important northern quoll population.
The ensemble modelling process validates our choice of the MaxEnt model with bias file as the preferred SDM. However, this is a desktop exercise derived from a relatively small and uniform sample. This model should be validated and refined through on ground sampling and research. Our study exemplifies a preferred practice in the use of SDMs by corroborating our findings with a control, in this case one derived through an ensemble modelling approach. We commend this practice to modellers and caution against outcomes derived from only a single modelling approach. Our study has revealed the most comprehensive known refined distribution map for the endangered Northern Quoll. It has confirmed their reliance on rocky upland habitats and their limited distribution within the Pilbara region. These outcomes will be of great importance to land managers when considering the impacts of planned developments within the region.
